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Abstract: This paper examines the return and volatility spillovers of different sectoral stock prices in 
Nigeria using monthly data from January 2007 to December 2016. We employ the Diebold 
and Yilmaz (2012) spillover approach and rolling sample analysis to capture the inherent 
secular and cyclical movements in the sector stocks market.We show that there is substan-
tial difference between the behaviour of the sectoral stock return and volatility spillover 
indices over time. We find evidence of interdependence among sector stocks given the spill-
over indices. While the return spillover index reveals increased integration among the 
sectoral stocks, the volatility spillover index experiences significant bursts during major 
market crises. Interestingly, return and volatility spillovers exhibit both trends and bursts 
respectively. 
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Introduction
A plethora of studies have examined movements of aggregate stock market volatility, 
with most often focusing on developed economies like the US and European stock 
markets. However, the literature on volatility co-movement among sectoral stocks 
within an economy is sparse.While there is a substantial literature on the analysis of 
volatility spillovers between stock returns and domestic exchange rates, surprisingly, 
little or no study have been carried out on returns and volatility spillovers at the sec-
toral level in the stock markets of developing economies. It is the limited nature and 
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paucity of such work in existing literature that has spurred us to investigate the re-
turns and volatility spillovers among sectoral stocks in Nigeria. Our choice of Nigeria 
is motivated by the fact that Nigeria is Africa’s largest economy and her importance 
as an investment destination cannot be underestimated; policy makers must therefore 
develop an in depth understanding of returns and volatility spillovers among sectors 
in the Nigerian stock market to enable policy to focus closely on smoothing out the 
effects of shocks to the transmission channel (Kpughur et al., 2017).
Stock markets have become increasingly integrated and liberalized, largely due 
to rapid technological developments and financial deregulations (Jebran et al., 2017). 
However, as stock markets become increasingly integrated and global, there may be 
some downsides such as; volatile capital flows which may result in increased stock 
market volatility and vulnerability to fluctuation of global financial markets which 
may be particularly harmful for emerging economies (Prasad et al., 2005). More-
over, it is plausible that integration within stock markets may indicate the absence of 
potential diversification opportunities and this may pose an exposure to risk, as the 
integrated market are more susceptible to greater loss due to financial contagion in a 
crisis situation (Jebran et al., 2017). This study is therefore very significant and timely 
as information about linkages between the emerging markets will provide valuable 
information to investors, which may help in portfolio formulation.
From the policy perspective, there are compelling reasons for the analysis of vola-
tility transmissions among sectoral stocks in the Nigerian stock market. First, “infor-
mation about the intensity of these spillovers provides useful insights to portfolio in-
vestors on how to diversify their portfolio investments in order to maximize returns” 
(Salisu et al., 2018). Second, information about volatility transmissions would prove 
useful to policy makers in identifying likely sectors within the Nigerian Stock Mar-
ket which may be vulnerable to higher risks (Fasanya and Akinde, 2019). Third, as 
pointed out by Diebold and Yilmaz (2012), it would be useful in measuring and mon-
itoring such interactions among sectors, to provide early warning signs for budding 
crises, and to track the evolvement of existent crises. Motivated by these concerns, 
this study measures the return and volatility spillovers among sectoral stocks within 
the Nigerian stock market.
Of the few studies that have empirically considered returns and volatility trans-
missions among sectoral stocks and global stock markets, many cover different mar-
kets and regions, adopting varying methodologies. We review quite a reasonable 
number of them in this paper and discover findings are mixed. This is probably due 
to differing methodologies, use of different proxies, data coverage and variable mea-
surement (see Table 1 for a survey of literature).
This study makes a methodological contribution by adopting the approach of Die-
bold and Yilmaz (2012) to quantify the returns and volatility transmissions among 
sectoral stocks in the Nigerian Stock Market. To the best of our knowledge, no previ-
ous study has adopted the Diebold and Yilmaz (2012) methodology to investigate this 
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dynamic relationship among sectoral stocks in the Nigerian stock market. The Die-
bold and Yilmaz (2012) approach provides a simple and intuitive measure of interde-
pendence of asset returns and volatilities by exploiting the generalized vector autore-
gressive framework of Koop, Pesaran, and Potter (1996) and Pesaran and Shin (1998), 
which produces variance decompositions that are unaffected by ordering. This is an 
improvement on the Diebold and Yilmaz (2009) approach. We also investigate the 
stability of our analysis over time by subjecting the results to robustness checks. Our 
results offer some useful generalizations relevant to volatility transmissions among 
sectoral stocks. This is the contribution of our paper.
Following this introductory section, we structure the rest of the paper as follows. 
Section 2 provides the literature review of the study. In section 3, the methodology 
for our analysis is pursued. Section 4 describes the data and also provides some pre-
liminary analyses. Section 5 discusses the empirical results including diagnostics and 
robustness tests. In Section 6, we discuss policy implications and conclude the study.
Literature Review
This section presents a review of literature on returns and volatility spillovers among 
sectoral stocks. A lot of studies have examined the returns and volatility transmis-
sions in several stock markets, offering mixed and inconclusive findings (see Table 
1). Most of these studies already include literature reviews up to the date of their 
publication (see, e.g., Jebran et al., 2017) for a complete literature survey. However, 
to the best of the authors’ knowledge, no empirical investigation has been carried 
out on returns and volatility spillovers at the sectoral level in the stock markets of 
developing economies. It is because of the paucity of such work in existing literature 
that this study examines Nigeria. A study on returns and volatility transmissions 
among sectoral stocks in Nigeria is therefore essential as Nigeria’s importance as an 
investment destination cannot be overemphasized being Africa’s largest economy. 
Therefore, an in depth understanding of the returns and volatility spillovers among 
sectors in the Nigerian stock market would be useful to policy makers in formulating 
policies focused on smoothing out the effects of shocks to the transmission channel 
(Kpughur et al., 2017).
Of the papers surveyed in this study, just one study have examined volatility trans-
missions in the Nigerian stock market (see, Kpughur er al,, 2017) however, it adopts 
aggregate data and examines transmissions between the naira exchange rate and the 
stock market using approaches different from this study. There are also studies for 
other regions, worthy of mention is China (see, e.g., Wang and Zhang, 2011; Sharma, 
2017; Jebran et al., 2017), BRICS (see, e.g., Ramaprasad and Biljana, 2007; Boubaker 
and Raza, 2017; Nareshet al., 2018), U.S (see, e.g., Arouri et al., 2011; Ghouse and 
Khan, 2017; Kinnunen, 2017; Oh, 2017; Bekiros et al., 2016), Europe (see, e.g., Arouri 
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et al., 2011; Chang et al., 2013; Sharma, 2017; Blau, 2017), South America (see, e.g., 
Vasco and Agudelo, 2014; Gamba-Santamaria et al., 2016)among others. Further-
more, we notice that there are few or no studies on returns and volatility transmission 
at the sectoral level in Sub Saharan African regions, this is probably due to data 
inadequacies or constraints.
In the literature, differing methods have been used to examine returns and vol-
atility transmissions in stock markets. Some of the prominent techniques include; 
General Autoregressive Conditional Heteroscedasticity (GARCH) models (see, e.g., 
Ramaprasad and Biljana, 2007; Arouri et al., 2011; Chang et al., 2013; Jebran, et al., 
2017; Kpughur et al., 2017; Ghouse and Khan, 2017; Apergis and Gupta, 2017;Bou-
baker and Raza, 2017), Vector Autoregression (see, e.g., Andrikopoulos et al., 2014; 
Baoko and Alagidede, 2017; Sharma, 2017; Kinnunen, 2017), Regression analysis 
(see, e.g., Wang and Zhang, 2011; Vasco and Agudelo, 2014; Fauzi and Wahyudi, 
2016;Blau, 2017) to mention a few.
In terms of empirical findings, the results appear mixed. Particular attention has 
been paid to presence of transmission mechanism between markets. Many studies 
report unidirectional volatility spillovers between markets (for example, see; Arouri 
et al., 2011; Ghouse and Khan, 2017; Kpughur et al., 2017) while some others report-
ed a bidirectional relationship between markets (see, e.g., Du and He, 2015; Majdoub 
and Sassi, 2016; Jebran et al., 2017; Boubaker and Raza, 2017). On the contrary, some 
studies report no evidence of significant comovement (see, e.g.,Chang et al., 2013; 
Bekiros et al., 2016; Kinnunen, 2017). However, in some cases we notice differing 
result from studies from similar regions and countries, this is probably due to differ-
ing methodologies, use of different proxies, data coverage and variable measurement. 
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Econometric Methodology
This study applies the Diebold and Yilmaz (2012) spillover indices to explore the re-
turn and volatility spillover sectoral effects in the Nigerian stock market. Practically, 
the Diebold and Yilmaz (2012) spillover approach is a volatility spillover measure 
grounded on the forecast error variance decompositions from vector autoregressions 
(VARs), and it can be used to measure the spillovers in any return characteristic of 
interest across the individual assets, asset portfolios, asset markets, etc., both within 
and across countries, revealing spillover trends, cycles, bursts (Diebold and Yilmaz 
2012). The underlying framework for the spillover analysis is the generalized vec-
tor autoregressive (VAR) model of KPSS which is invariant to variable ordering. 
Essentially, four different spillover types can be generated using the DY (2012) and 
they are the Total Spillovers, Directional Spillovers, Net Spillovers and Net Pairwise 
Spillovers. In setting up the spillover indexes, a covariance stationary VAR (p) is 
considered (see DY, 2009 and DY, 2012).
(1)
Where rt = (r1t, r2t,...,rNt)’ is an N ¥ 1 vector of return or volatility series, F is an N 
¥ N matrix of parameters, et is a vector of independently and identically distributed 
disturbances and S is the variance matrix for the error vector e. The moving average 
representation can be written as:
        
(2)
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Where jj  is the standard deviation of   for the jth  equation and ie is the selection 
vector, with one as the ith element and zeros otherwise. 
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Where sjj is the standard deviation of e for the jth  equation and ei is the selection 
vector, with one as the ith  element and zeros otherwise.
Lastly, since the sum of the contributions to the variance of the forecast error is 
not equal to one – that is  
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to one – t  ( ) 1N gj i ij H   ; DY (2012) normalized each entry of thevariance decomposition 
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Equation (8) gives the difference between the gross return or volatility shocks 
transmitted to and received from all other markers. In other words, information about 
each market’s contribution to the return/volatility of other markers can be obtained 
through the net spillovers. This analysis considers a second order 9-variable VARs 
with 10-step-ahead forecasts. Relevant diagnostics are also rendered to validate the 
robustness of our results.
Data and Preliminary Analyses
This paper covers nine (9) different sectoral stock prices These sectors include, 
Consumer goods (CGD); Conglomerate (CGL); Construction (CON); Financial Ser-
vices (FIN); Health (HTH); Industrial (IND); Natural Resources (NTR); Oil and 
Gas (OGS); Service (SVS). The sample period runs from January 2007 to December 
2016. The scope and frequency of our study is based on data availability. Data on the 
monthly sectoral stock prices are obtained from the Nigerian Stock Exchange (NSE). 
It is expedient to note that the returns of the series (rt) are computed as the first dif-
ference of the natural logarithm of the level series (Pt); this is expressed in equation 
(9) below:
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study. (Pt) represents the price level of the sector stocks. However, the volatility series 
is obtained from the estimation of GARCH (1,1) model, which is expressed below:
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(CGD); Conglomerate (CGL); Construction (CON); Financial Services (FIN); Health (HTH); 
Industrial (IND); Natural Resources (NTR); Oil and Gas (OGS); Service (SVS). The sample 
period uns from Ja uary 2007 to December 2016. The scope and frequency of our study is 
based on data availability. Data on the monthly sectoral stock prices are obtained from the 
Nigerian Stock Exchange (NSE). It is expedient to note that the returns of the series ( )tr  are 
computed as the first difference of the natural logarithm of the level series (P )t ; this is expressed 
in eq ation (9) b low: 
  log 100t tr p             (9) 
Where  tr  represents the calculated returns of any of the sectoral stocks under study. 
 tp represents the price level of the sector stocks. However, the volatility series is obtained from 
the estimation of GARCH (1,1) model, which is expressed below: 
2 2 2
1 1ˆˆ ˆ ˆt t t               (10) 
Table 2: Summary statistics for return series of sector stocks 
Mean Maximum Minimum Std. Dev. No. of Obs.
CGD -0.3030 15.4165 -15.1095 5.9458 119
CGL -1.0971 26.4235 -19.7812 8.0417 119
CON -1.6589 32.0354 -36.3697 9.9046 119
FIN -2.0048 63.2580 -72.6032 12.0205 119
HTH -1.4616 24.2418 -33.3213 8.2877 119
IND -0.9635 14.1952 -26.8755 6.5125 119
NTR -0.1260 48.9642 -24.4182 7.9651 119
OGS -0.7674 36.1529 -31.3394 7.3177 119
SVS -1.8535 32.1586 -30.6675 7.4366 119
Source: Eviews Software Output (Compiled by the authors) 
Table 2 highlights the relevant descriptive properties of the series. Over the period, all the 
sectors observe negative returns in their average values. This is a clear indication that all the 
sectors appear to be more running on a loss with the financial sector ranking high in the relative 
loss of stock prices experienced by the sectors. Losses in the remaining sectors hover between 
0.126%and 1.659%. However, a large difference is observed between the maximum and 
minimum values of all the sectoral stock returns. An implication of this is that the sectoral stock 
markets are subject to high level of fluctuations without certainty of stability over time.  This fact 
 
 
This analysis considers a second order 9-variable VARs with 10-step-ahead forecasts. Relevant 
diagnostics are also rendered to validate the robustness of our results. 
Data and Preliminary Analyses 
This paper covers nine (9) different sectoral stock prices These sectors include, Consumer goods 
(CGD); Conglomerate (CGL); Construction (CON); Financial Services (FIN); Health (HTH); 
Industrial (IND); Natural Resources (NTR); Oil and Gas (OGS); Service (SVS). The sample 
period runs from January 2007 to December 2016. The scope and frequency of our study is 
based on data availability. Data on the monthly sectoral stock prices are obtained from the 
Nigeria  Stock Exchange (NSE). It is expedient to note that the returns of the series ( )tr  are 
computed as the first difference of the natural logarithm of the level series (P )t ; this is expressed 
in equation (9) below: 
  log 100t tr p             (9) 
Where  tr  represents the calculated returns of any of the sectoral stocks under study. 
 tp represents the price level of the sector stocks. However, the volatility series is obtained from 
the estimation of GARCH (1,1) model, which is expressed below: 
2 2 2
1 1ˆˆ ˆ ˆt t t               (10) 
Table 2: Summary statistics for return series of sector stocks 
Mean Maximum Minimum Std. Dev. No. of Obs.
CGD -0.3030 15.4165 -15.1095 5.9458 119
CGL -1.0971 26.4235 -19.7812 8.0417 119
CON -1.6589 32.0354 -36.3697 9.9046 119
FIN -2.0048 63.2580 -72.6032 12.0205 119
HTH -1.4616 24.2418 -33.3213 8.2877 119
IND -0.9635 14.1952 -26.8755 6.5125 119
NTR -0.1260 48.9642 -24.4182 7.9651 119
OGS -0.7674 36.1529 -31.3394 7.3177 119
SVS -1.8535 32.1586 -30.6675 7.4366 119
Source: Eviews Software Output (Compiled by the authors) 
Table 2 highlights the relevant descriptive properties of the series. Over the period, all the 
sectors observe negative returns in their average values. This is a clear indication that all the 
sectors appear to be more running on a loss with the financial sector ranking high in the relative 
loss of stock prices experienced by the sectors. Losses in the remaining sectors hover between 
0.126%and 1.659%. However, a large difference is observed between the maximum and 
minimum values of all the sectoral stock returns. An implication of this is that the sectoral stock 
markets are subject to high level of fluctuations without certainty of stability over time.  This fact 
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Table 2: Summary statistics for return series of sector stocks
  Mean  Maximum  Minimum  Std. Dev.  No. of Obs.
CGD -0.3030 15.4165 -15.1095 5.9458 119
CGL -1.0971 26.4235 -19.7812 8.0417 119
CON -1.6589 32.0354 -36.3697 9.9046 119
FIN -2.0048 63.2580 -72.6032 12.0205 119
HTH -1.4616 24.2418 -33.3213 8.2877 119
IND -0.9635 14.1952 -26.8755 6.5125 119
NTR -0.1260 48.9642 -24.4182 7.9651 119
OGS -0.7674 36.1529 -31.3394 7.3177 119
SVS -1.8535 32.1586 -30.6675 7.4366 119
Source: Eviews Software Output (Compiled by the authors)
Table 2 highlights the relevant descriptive properties of the series. Over the pe-
riod, all the sectors observe negative returns in their average values. This is a clear 
indication that all the sectors appear to be more running on a loss with the financial 
sector ranking high in the relative loss of stock prices experienced by the sectors. 
Losses in the remaining sectors hover between 0.126%and 1.659%. However, a large 
difference is observed between the maximum and minimum values of all the sectoral 
stock returns. An implication of this is that the sectoral stock markets are subject to 
high level of fluctuations without certainty of stability over time.  This fact is further 
substantiated by the standard deviation. The large values of the standard deviation 
depict a large deviation of the data points of each variable from their mean values. A 
more robust explanation to this is that all the sectors observe significant outliers in 
their returns.
Table 3: Summary statistics for volatility series of sector stocks
  Mean  Maximum  Minimum  Std. Dev.  No. of Obs.
CGD 30.1165 67.9429 18.6728 10.3114 119
CGL 60.2554 320.8137 0.0004 54.2147 119
CON 90.9314 181.9230 48.6694 35.1628 119
FIN 182.9512 2651.974 43.6223 362.1005 119
HTH 71.0254 776.1542 26.0867 87.5590 119
IND 34.9565 125.6464 13.5468 17.9333 119
NTR 72.7789 2140.019 4.0174 239.9179 119
OGS 53.3841 207.3233 16.9867 42.0257 119
SVS 49.6596 704.5618 17.6580 82.2782 119
Source: Eviews Software Output (Compiled by the authors)
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Table 3 shows the descriptive statistics for the volatility series of all the sectoral 
stocks under the whole sample period. The average unpredictability nature of each 
sector stock is captured by the mean in table 3. Thus, the consumer goods stock is 
more volatile than others judging by the standard deviation. In addition, all the vola-
tility series are positively skewed and have fat tails.
Figure 1: Volatility graph for sectoral stocks
Drawing from figure 1, all the nine sector stocks are volatile (though some are 
more volatile than others) with evidence of volatility clustering, i.e., periods of high 
volatility are followed by periods of relatively low volatility except for industrial 
stocks which show no sign of being volatile. Also, virtually all the volatile sectoral 
stocks exhibit notable spikes that coincide with the post-global financial crisis effect 
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Table 3 shows the descriptive statistics for the volatility series of all the sectoral stocks 
under the whole sample period. The average unpredictability nature of each sector stock is 
captured by the mean in table 3. Thus, the consumer goods stock is more volatile than others 
judging by the standard deviation. In addition, all the volatility series are positively skewed and 
have fat tails.
































































Drawing from figure 1, all the nine sector stocks are volatile (though some are more 
volatile than others) with evidence of volatility clustering, i.e., periods of high volatility are 
followed by periods of relatively low volatility except for industrial stocks which show no sign 
of being volatile. Also, virtually all the volatile sectoral stocks exhibit notable spikes that 
c incide wit  the post-global financial crisis effect expect for the conglomerates stocks volatility 
(with notable spike around 2008 as a result of global financial crisis d  introduction of safe 
haven for fixed securities) and the construction sector with mixed behaviour. 
Analysis of Spillover Results 
The DY approach is usually partitioned into two namely the Spillover Tables and the Rolling 
Window Analyses. The former produces a single-fixed (scalar) value for each of the indices over 
the period of interest. This may be useful where the interest is to estimate the aggregate 
spillovers over a particular period of time. However, a deeper and intuitive result can be obtained 
where unprecedented events characterizing the behaviour of the spillovers are reflected in the 
analysis. This is the essence of the rolling window analyses. Thus, the latter complements the 
former as it unveils the cyclical and secular movements explaining the behaviour of the 
spillovers from one period to another. 
Table 4: Return Spillovers of Sectoral Stock Markets 
FROM




CGD 42.1 3.7 11.3 9.8 6.8 6.6 8.6 2.3 8.7 58 25
CGL 6.3 33.0 16.7 7.9 6.0 8.7 1.9 9.6 9.9 67 -21
CON 12.1 8.4 35.2 10.7 6.2 10.1 3.4 4.2 9.6 65 33
FIN 15.4 5.2 13.5 39.2 4.7 5.6 0.9 2.2 13.3 61 1
HTH 13.1 2.7 11.0 3.6 42.1 9.1 10.1 0.3 8.0 58 -12
IND 9.6 4.7 14.7 7.4 8.8 35.9 6.4 1.3 11.3 64 -9
NTR 7.4 2.5 4.4 0.8 3.7 6.1 60.0 7.0 8.0 40 4
OGS 9.9 10.4 13.0 11.2 2.0 2.4 7.3 36.3 7.5 64 -31
SVS 9.0 8.6 12.9 10.4 8.1 6.8 5.2 5.9 33.0 67 9
Contribution 
to others




























2007 2008 2009 2010 2011 2012 2013 2014 2015 2016
SVS_V
86 Ismail Olaleke Fasanya, Oluwatomisin Oyewole, Taofeek Agbatogun
expect for the conglomerates stocks volatility (with notable spike around 2008 as a 
result of global financial crisis and  introduction of safe haven for fixed securities) and 
the construction sector with mixed behaviour.
Analysis of Spillover Results
The DY approach is usually partitioned into two namely the Spillover Tables and the 
Rolling Window Analyses. The former produces a single-fixed (scalar) value for each 
of the indices over the period of interest. This may be useful where the interest is to 
estimate the aggregate spillovers over a particular period of time. However, a deeper 
and intuitive result can be obtained where unprecedented events characterizing the 
behaviour of the spillovers are reflected in the analysis. This is the essence of the 
rolling window analyses. Thus, the latter complements the former as it unveils the 
cyclical and secular movements explaining the behaviour of the spillovers from one 
period to another.
 
Table 4: Return Spillovers of Sectoral Stock Markets
FROM
TO CGD CGL CON FIN HTH IND NTR OGS SVS Contribution from others
Net 
Spillovers
CGD 42.1 3.7 11.3 9.8 6.8 6.6 8.6 2.3 8.7 58 25
CGL 6.3 33.0 16.7 7.9 6.0 8.7 1.9 9.6 9.9 67 -21
CON 12.1 8.4 35.2 10.7 6.2 10.1 3.4 4.2 9.6 65 33
FIN 15.4 5.2 13.5 39.2 4.7 5.6 0.9 2.2 13.3 61 1
HTH 13.1 2.7 11.0 3.6 42.1 9.1 10.1 0.3 8.0 58 -12
IND 9.6 4.7 14.7 7.4 8.8 35.9 6.4 1.3 11.3 64 -9
NTR 7.4 2.5 4.4 0.8 3.7 6.1 60.0 7.0 8.0 40 4
OGS 9.9 10.4 13.0 11.2 2.0 2.4 7.3 36.3 7.5 64 -31
SVS 9.0 8.6 12.9 10.4 8.1 6.8 5.2 5.9 33.0 67 9
Contribution 




125 79 133 101 88 91 104 69 109 Spillover Index60.4%
Source: RATS software output (Compiled by the authors)
Here, the analysis for the spillover tables for both returns and volatilities of sec-
tor stocks are done (see Tables 4 and 5 respectively). Table 4 presents the return 
spillovers computed for the whole sample based on a second order 9-variable VARs 
with 10-stepahead forecasts. The off-diagonal column sums give the “contribution 
to others” while the off-diagonal row sums provide the “contribution from others”. 
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Both are directional spillovers where “Directional spillovers to” is represented by 
“contribution to others” while “Directional spillovers from” is denoted by “contri-
bution from others” in both tables. Thus, each element in each column, other than 
the main diagonal elements, captures individual market’s contribution to the forecast 
error variance of other markets. In the same vein, each element in each row, excluding 
the main diagonal elements, measures the amount of contributions of other markets 
to the forecast error variance of a particular market under consideration. Technical-
ly, “contribution to others” measures the total contribution of shocks to a particular 
market to the forecast error variance of other markets while “contribution from oth-
ers” measures the total contribution of shocks to other markets to the forecast error 
variance of a particular market. In essence, the spillover table is analogous to the 
input-output table as it shows how shocks are absorbed and transmitted within the 
system under consideration. 
Table 5: Volatility Spillovers of Sectoral Stock Markets
FROM
TO CGD CGL CON FIN HTH IND NTR OGS SVS Contribution from others
Net 
Spillovers
CGD 42.6 5.0 10.5 12.1 5.5 6.4 6.0 2.1 9.8 57 17
CGL 5.6 38.3 14.1 8.1 5.5 6.5 0.9 10.4 10.4 62 -9
CON 11.7 9.9 34.3 10.7 5.7 9.5 2.5 3.9 11.9 66 22
FIN 14.2 6.3 13.2 39.3 4.2 6.2 0.7 2.2 13.7 61 7
HTH 11.4 3.5 10.5 4.0 45.3 8.2 9.6 0.4 7.3 55 -17
IND 9.3 5.0 13.6 8.6 6.8 40.7 5.5 1.1 9.4 59 -8
NTR 4.6 2.1 4.1 1.5 0.9 6.9 69.8 7.0 3.2 32 3
OGS 7.3 10.8 10.5 10.9 2.3 2.2 6.6 42.4 7.1 58 -24
SVS 10.1 10.0 12.0 11.8 6.7 5.3 2.9 6.4 34.8 65 8
Contribution 




117 91 123 107 83 92 105 76 107 Spillover Index56.9%
Source: RATS software output (Compiled by the authors)
The net spillovers are obtained by subtracting the “contribution from others” from 
“contributions to others” or vice versa. In other words, the net spillovers reflect the 
difference between the contribution a market gives to and receives from others. Us-
ing the former definition, a positive magnitude is an indication that the market under 
consideration has a greater influence in other markets than the influence it receives 
from them. This makes the market under consideration less vulnerable to external 
shocks. Conversely, a negative magnitude implies that the market under examination 
is more vulnerable to shocks to other markets. Furthermore, the total spillover index 
is represented in the lower right corner of the spillover table and it is computed by 
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expressing the sum of “contributions to others” (or the sum of “contributions from 
others”) as a percentage of sum of “contributions including own”. This renders the 
various directional spillovers into a single index; therefore, it effectively captures the 
total spillovers transmitted among the markets under consideration. 
Discussion of Results
Proceeding to the analysis of the spillover table for the return series as shown in 
Table 4, starting with each sector directional spillovers from others, the construction 
stocks records the highest contribution to the forecast error variance of the consumer 
goods returns with about 11.3% followed by the financial services stocks with about 
9.8%. Thus, shocks to the construction sector stocks are more likely to affect the be-
haviour of the stock return of consumer goods than shocks to other sectoral markets 
in the Nigeria.
Expectedly too, shocks to the consumer goods stocks have greater impact on the 
forecast error variance of the construction returns than shocks to other sector stock 
markets considered. The consumer goods stocks explains about 12.1% of the forecast 
error variance of the construction stock returns and similarly followed by the finan-
cial stocks with 10.7%. Also, although relatively smaller compared to the consumer 
goods and the Construction stock markets, the forecast error variance of the finan-
cial services returns is more influenced by shocks to the consumer goods with about 
15.4% and closely followed by the construction stocks and the services stocks with 
about 13.5% and 13.3% respectively. 
In the case of the conglomerates market however, the contribution from other 
markets to its forecast error variance is dominated by the construction stocks with 
16.7% and distantly followed by the services with 9.9% and closely with oil and gas 
stocks with 9.6%. The natural resource market however receives the lowest contribu-
tion from other markets with the services sector having the highest with about 8.0% 
and followed by the consumer goods with about 7.4%. Thus, bidirectional spillovers 
seem more evident between the construction and the conglomerates markets as well 
as between the consumer goods sector and the financial services sector than any 
other sectoral stock market pairs. On the whole however, the conglomerates and ser-
vices markets receive the highest contribution from others with about 67% and they 
are followed closely by the construction, industrial and oil and gas sector returns 
with contributions of about 65%, and 64% for both industrial and oil and gas sector 
respectively while the consumer goods and health services receive about 58%, the 
natural resource records the lowest contributions from others of 40%. In other words, 
shocks to other markets account for greater percentage of the forecast error variances 
of the construction, consumer goods, services, financial and industrial markets than 
their own shocks while the forecast error variances of the conglomerates, health and 
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oil and gas are substantially explained by their own shocks. Intuitively, the consumer 
goods, construction, services and natural resource are more vulnerable to return 
shocks of the stock markets than other sectoral stocks in the Nigeria.
In a similar fashion to the gross directional spillovers from others, shocks to the 
construction market have greater impact on other sectoral stock markets than any 
other stock market. Following the construction stock in terms of influence in the 
stock markets are the consumer goods, services, natural resource and financial ser-
vices in that order while the impact of the oil and gas seems minimal. In essence, the 
Nigeria stock markets are also vulnerable to the return shocks of the construction, 
consumer goods and services. In relation to the net spillovers, positive values are 
recorded for five sector stocks- the construction, consumer goods, services, natural 
resource and financial services stocks although the construction market is the high-
est (about 33%) down to the financial service sector (about 1%) while other sectoral 
stocks considered have negative net spillovers. This suggests that the construction, 
consumer goods, services, natural resource and financial services stocks give more 
than they receive in the Nigerian stock market while others such as the conglom-
erates, health, industrial and oil and gas give less than they receive. This finding 
further strengthens the significance of the construction, consumer goods, services, 
natural resource and financial services stock returns in the Nigerian stock markets.
Looking at the total spillover index, the computed value is 60.4% which is an indi-
cation that more than half of the total variance of the forecast errors during the sam-
ple is explained by shocks across the sectoral stocks, whereas the remaining 39.6% is 
explained by idiosyncratic shocks.
Table 5 presents the volatility spillovers over the full sample period. The distribu-
tion of the spillovers slightly differs from the return spillovers reported in table 4. Like 
returns, the directional volatility spillovers from and to other markets are quite robust 
and above the average for all the sectoral stocks except in the case of health services, 
natural resource and oil and gas markets. Therefore, a large amount of return spill-
overs may not necessarily imply a large amount of volatility spillovers. Nonetheless, 
on the basis of the reported volatility spillovers, the construction market seems to be 
most vulnerable to volatility shocks of other markets followed by the services, con-
glomerates, financial services, industrial, oil and gas and consumer goods while the 
natural resource market has the least vulnerability and less risky relative to others. The 
spillover index of about 56.9 percent for the volatility is also smaller than the returns. 
This suggests that the return volatility for the individual sector stocks is driven by ex-
ogenous factors which are not captured in the VAR system used. However, without any 
comparism with return spillovers, the volatility spillover index quite explain more than 
half of the total variance of the forecast errors during the sample which is explained by 
shocks across the sectoral stocks.  Notwithstanding, the spillover indexes of 60.4 per-
cent and 56.9 percent for return and volatility spillovers respectively suggest high level 
of interdependence among the major sectoral stocks in Nigeria. 
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Rolling-Window Analysis
Even though, from the above the spillover tables, the spillover index and other rele-
vant discussions above have given an overview of the average spillover performance 
in the Nigerian stock market. It is however inadequate in capturing the important 
secular and cyclical movements in spillovers (Diebold and Yilmaz, 2012). In view of 
this, a rolling window framework using 100-month sub-sample rolling windows is 
proposed in a bid to address these insufficiencies and correctly reveal events or crises 
episodes that may have occurred during the period considered.
The resultant plots for total spillover indexes for both returns and volatilities are 
presented in figures 2 and 3 respectively.  Both total spillovers start at a value above 
65 percent with return spillover slightly higher than volatility spillover in the first 
window. The total return spillover plot reveals that spillover effects across the major 
sectoral stocks were quite high fluctuating between 65 percent and 75 percent with an 
exception in 2013 and mid-2015 where it exceeded the 75 percent mark. However, the 
total volatility spillover mostly varied between 68 percent and 75percent with an im-
portant exception in mid-2015 which was prominently characterized by period where 
many investors were seeking for a haven in the fixed income securities, while some 
patronised Ponzi schemes in their desire for higher returns. The 2016 investment 
year will remain indelible in the minds of investors on the Nigerian Stock Exchange, 
NSE, just like the 2008 global financial meltdown. This stems from the fact that the 
nation’s stock market in the review period experienced a major setback which eroded 
investors’ confidence with over N1trillion drop in market capitalisation.
Consequently, 2016, according to analysts, turned out to be a year of wailing and 
lamentations not only in the capital market but in every sector of the economy oc-
casioned by the prevalent economic recession. The nation’s Gross Domestic Product 
(GDP) recorded a negative growth of -2.1 per cent, with the Naira exchanging for 
N304 per dollar at the official market in the latter part of the year at the Foreign 
Exchange Market. As it was the case in 2015, investors returned to another locust era 
with many of them seeking for a haven in the fixed income securities, while some pa-
tronized Ponzi schemes in their desire for higher returns. However, most stakeholders 
attributed the prolonged lull in the equities market and economy in general to tight 
macroeconomic policies, falling crude oil prices which thwarted stakeholders expec-
tations which led to the exit of foreign investors.
Also, the market capitalisation lost N737 billion or 7.48 per cent to close trading in 
the same period under review at N9.113 trillion against N9.850 trillion posted on Dec. 31, 
2015. However, an analysis of the price movement from January to November showed 
that Forte Oil emerged the worst performing stock in percentage terms having dropped 
by 83.72 per cent to close at N52.71 against N330 it opened for the year. Skye Bank fol-
lowed with a loss of 68.35 per cent to close at 50k against the year opening price of N1.58, 
while Caverton dipped 61.94 per cent to close at 94k compared with N2.47 it opened for 
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the year. Conversely, Dangote Flour topped the gainers’ table between January and No-
vember in percentage terms, appreciating by 214.16 per cent to close at N3.55 per share 
against the year’s opening price of N1.13. It was trailed by UBA Capital having appreci-
ated by 87.02 per cent to close at N2.45 against N1.31 and Total grew by 76.11 per cent to 
close at N258.90 compared with N147.01 it opened for the year.
Other factors that affected market growth in spite of enhanced regulatory frame-
work embarked upon by regulators were hike in inflation, increase in Cash Reserve 
Requirement by the Central Bank of Nigeria as well as increase in Monetary Policy 
Rate. The market was also negatively impacted by the instability in the Naira exchange 
rate against other international currencies, crash in global oil price, Niger Delta unrest, 
delay in the presentation and passage of the 2016 budget as well as insecurity issues.
Figure 2: Total Spillovers Plot for Return Series
Figure 3: Total Spillovers Plot for Volatility Series
Concluding Remarks
This study measures the degree of interdependence among sector stocks in Nigeria 
using monthly data from January 2007 to December 2016. We employ the Diebold 
and Yilmaz (2012) spillover approach and consequently, we compute the Total Spill-
over, Directional Spillover and Net Spillover indices. In a bid to capture the inherent 
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Concluding Remarks 
This tudy measures the degree of interdepend c  among sector stocks in Nigeria using 
monthly data from J nua y 2007 to December 2016. We employ the Diebold and Yilmaz (2012) 
spillover approach and consequently, we compute the Total Spillover, Directional Spillover and 
Net Spillover indices. In a bid to capture the inherent secular and cyclical movements in the 
Nigerian stock market, we carry out the rolling sample analysis which complements the spillover 
results. We find evidence of interdependence among major sector stocks in Nigeria given the 
spillover indices. Interestingly, return and volatility spillovers exhibit both trends and bursts 
respectively. In addition, we recognize crisis periods that seem to have motivated the 
documented fluctuations in returns and volatilities of the Nigerian stock exchange market at 
sector level.
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Concluding Remarks 
This study measures the degree of interdependence among sector stocks in Nigeria using 
monthly data from January 2007 to December 2016. We employ the Diebold and Yilmaz (2012) 
spillover approach and consequently, we compute the Total Spillover, Directional Spil over and 
Net Spillov r indices. In a bid to capture the inherent secular an  cyclical moveme ts in the 
Nigerian stock market, we carry out the rolling sample analysis which complements the spillover 
results. We find evidence of interdependence among major sector stocks in Nigeria given the 
spillover indices. Interestingly, return and volatility spillovers exhibit both trends and bursts 
respectively. In addition, we recognize crisis periods that seem to have motivated the 
documented fluctuations in returns and volatilities of the Nigerian stock exchange market at 
sector level.
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secular and cyclical movements in the Nigerian stock market, we carry out the rolling 
sample analysis which complements the spillover results. We find evidence of inter-
dependence among major sector stocks in Nigeria given the spillover indices. Inter-
estingly, return and volatility spillovers exhibit both trends and bursts respectively. In 
addition, we recognize crisis periods that seem to have motivated the documented fluc-
tuations in returns and volatilities of the Nigerian stock exchange market at sector level. 
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